Abstract: Determining the mechanical properties of particleboard has gained a great importance due to its increasing usage as a building material in recent years. This study aims to develop artificial neural network (ANN) and multiple linear regression (MLR) models for predicting modulus of rupture (MOR) and modulus of elasticity (MOE) of particleboard depending on different pressing temperature, pressing time, pressing pressure and resin type. Experimental results indicated that the increased pressing temperature, time and pressure in manufacturing process generally improved the mechanical properties of particleboard. It was also seen that ANN and MLR models were highly successful in predicting the MOR and MOE of particleboard under given conditions. On the other hand, a comparison between ANN and MLR revealed that the ANN was superior compared to the MLR in predicting the MOR and MOE. Finally, the findings of this study are expected to provide beneficial insights for practitioners to better understand usability of such composite materials for engineering applications and to better assess the effects of pressing conditions on the MOR and MOE of particleboard.
Introduction
Particleboard is a type of composite panels manufactured under heat and pressure using wood particles or other lignocellulosic materials and a binder [1] . The consumption of particleboard has recently increased considerably throughout the world since it is widely used as an interior panel for furniture and cabinet manufacture, structural construction and building applications such as floor underlayment and laminated flooring [2] [3] [4] . In such applications, particleboards are subject to bending stress and impact loads. Hence, determining the mechanical properties of particleboard for the end-use applications is required [5] . Furthermore, the mechanical properties of particleboard are an indication of quality and suitability in terms of its use for constructive purposes. However, many parameters including pressing temperature, pressing time, pressing pressure and resin type considered during manufacturing process considerably affect the mechanical behavior of particleboard.
In order to evaluate the influences of manufacturing conditions on mechanical properties of particleboard, a variety number of experimental studies have been carried out so far. Tabarsa et al. [6] evaluated mechanical properties of particleboard. They reported that modulus of rupture (MOR) and modulus of elasticity (MOE) of particleboard improved with increasing pressing time. Similar results were also found by Kalaycıoğlu et al. [7] and Nemli et al. [8] . Ashori and Nourbakhsh [2] observed that the MOR and MOE values first increased and then decreased with increasing the pressing time. This observation was also confirmed by Saari et al. [9] . Hashim et al. [10] investigated the impact of pressing temperature on MOR of particleboard. They noted that the MOR of particleboard improved with increasing the pressing temperature. With regard to the pressing temperature, Saari et al. [9] reported similar findings. In another study, Rafighi and Tabarsa [11] stated that the MOR and MOE values of particleboard enhanced with increasing pressing pressure.
From the experimental studies conducted, it is clear that a great number of temperature, time and pressure values need to be tested to detect a change in the mechanical behavior of particleboard due to pressing conditions. In addition, the test methods used in determining the desired properties of such materials generally require sophisticated equipment and long periods of time. This causes a delay for detecting the problems in the final product [12, 13] . In overcoming such problems, the use of models that is capable of predicting the desired product properties and establishing the relationship between process variables and product properties is highly important [14] . Thanks to these models, the desired properties of the materials can be determined in a quite short period of time with a high accuracy rate, and thus it is possible to reduce the time and cost for the experimental investigations.
To reach this goal, artificial neural network (ANN) and multiple linear regression (MLR) modeling tools have been successfully employed for classification, prediction, optimization and pattern recognition in the various fields of wood science [15] [16] [17] [18] [19] [20] [21] [22] . Especially, ANN approach has become increasingly popular over the past decade. The main reasons for popularity of the ANN are great success of ANN in modeling complex or nonlinear relations between inputs and outputs and in learning from a small set of experimental data [23, 24] . In the existing literature, several studies for predicting some of the mechanical properties of various wood composite materials using ANN and MLR techniques have been carried out so far [14, [24] [25] [26] .
On the other hand, the ANN and MLR techniques were rarely used in predicting MOR and MOE of particleboard. Fernandez et al. [13] predicted the MOR and MOE of particleboard by ANN and MLR. They used five input variables in the construction of the proposed network, namely, moisture content, specific gravity, water absorption, thickness swelling and nominal thickness. The MOR and MOE were output variables of the proposed network. It was seen from their study that the ANN results were much closer to the experimental outputs compared to the regression results. In another study, Eslah et al. [27] predicted the MOR and MOE of particleboard by using regression models. In their study, board density and resin content were used as input variables, whereas the MOR and MOE were considered as output variables.
The related literature reveals that ANN and MLR have been used for modeling purposes in wood science. However, it is clear that the applications of these techniques for modeling a change in the mechanical behavior of particleboards manufactured in the different pressing conditions are limited in the literature. Furthermore, a model has not yet been established for predicting the effects of resin type, pressing temperature, time and pressure on the MOR and MOE of particleboard. Therefore, the intention of the present study was to build the ANN and MLR models for predicting the MOR and MOE of particleboard manufactured under the different pressing conditions and thus to obtain satisfactory results in a quite short period of time with low error rates without doing exhaustive and costly laboratory tests. It was also aimed to be found more successful method for prediction by comparing the outputs of the ANN and MLR models.
Predictive methods

Multiple linear regression
The MLR method is widely employed to analyze a variety of problems regarding engineering applications [28] . It is a statistical tool that intends to learn more about the linear relationship between one dependent variable and several independent variables [29] [30] [31] . The dependent variable is called the predictand, whereas the independent variables are called the predictors [32] . The MLR analysis is based on least squares: The model is fit such that the sum of squares of differences of actual and predicted values is minimized. In the current study, the analysis was conducted to predict the MOR and MOE of particleboard using Statistical Package for The Social Science 11.5 software. Eq. (1) presents a general example of a MLR model.
where Y is the dependent variable, X i is independent variables, β i is predicted parameters, and ε is the error term [33] .
Artificial neural networks
ANN is an intelligent modeling approach that tries to simulate some important functions of the human brain [34] . It is employed as a modeling tool for solving various problems in many engineering applications [35, 36] . A specific ANN model comprises an input layer, an output layer and one or more hidden layers that allow the network to uncover complex and nonlinear relationships between inputs and outputs [37, 38] . The layers of the network include many processing elements called neurons. (2) and (3) and is shown in Figure 1 [20, 39] .
The number of neurons in the ANN layers plays a key role on the network performance. The number of input neurons corresponds to the number of input variables, and the number of output neurons is equal to the number of output variables [40] . However, there is no specific rule concerning the number of the hidden layers and their neurons. Complexity level of the problem is decisive to detect the number of them [34] . It was also reported that few number of hidden neurons is not enough to capture complex relationship between inputs and outputs, whereas excessive number of them causes a loss of time to learn the relationship [41] . Hence, a trial and error process is generally performed to decide the optimum number. In this context, various approaches are advised in the literature [42] [43] [44] [45] . ANNs should be also trained by modifying connection weights among the neurons in order to obtain a minimum difference between actual and predicted values of output variables [46] . The back-propagation algorithm is the most frequently used training algorithm [34] and has been successfully used in solving many engineering problems [47, 48] .
Materials and methods
Particleboard manufacturing process
Pine (Pinus pinea L.) wood was used in the manufacture of particleboards. Pine logs were provided from the forest area of Karadeniz Technical University in Trabzon, Turkey. Wood samples were chipped using a hacker, and then the chips were reduced into smaller particles using a laboratory-scale knife ring Pallmann flakers. They were classified with a horizontal screen shaker. The particles remaining between 3 and 1.5 mm sieves and between 1.5 and 0.5 mm sieves were used in the core and surface layers of particleboards, respectively. It is also important to state that the wood particles were dried at 110°C in a temperature-controlled oven to reach the target moisture content (2-3 %). The particles then were blended with urea formaldehyde (UF) resin with a solid content of 62 % and melamine formaldehyde (MF) resin with a solid content of 50 %. The UF and MF resins were used at 11 % and 9 % adhesive levels for the outer and core layers based on ovendry weight, respectively. Ammonium chloride was also used in the manufacture of the particleboards as a hardener in 1 %, and its solid content was 18 %. The boards were formed using fine and coarse particles for the outer and core layers, respectively. The weight ratio of the outer/core/outer layers was 1:3:1, respectively. Handformed mats were next pressed at varying temperatures (120, 135 and 150°C) and pressures (21 and 25 kg/cm 2 ) for varying durations (5, 6 and 7 min). Thus, a total of 36 particleboards under different conditions were manufactured. The target density of particleboards manufactured with lengths of 420 mm, widths of 420 mm and thicknesses of 10 mm was 0.65 g/cm 3 .
Determination of mechanical properties
Prior to the experiments, the boards were conditioned to constant mass at a temperature of 20 ± 2°C and a relative humidity of 65 ± 5 % for 30 days. Then, a total of 360 (36 × 10) experimental samples by preparing ten samples from each type of the boards were cut from 36 particleboards manufactured using two different resin types, two different pressing pressures, three different pressing times and three different pressing temperatures as process variables. The dimensions of experimental samples of the MOR and MOE were 250 × 50 × 10 mm. The MOR and MOE values of the particleboard samples were detected according to the procedure of EN 310 standards [49] .
Application of predictive methods
Data preparation
Prediction of MOR and MOE of particleboard by the ANN and MLR was achieved using the data provided from the experimental study. The average values of MOR and MOE were used in the models, namely a total of 36 data. Each data represents to the average of ten measurements of MOR and MOE. In developing the ANN models, a total of 36 experimental data for each of MOR and MOE were randomly divided into three subsets because a neural network is mostly created in three phases known as training, validation and testing. Training, validation and testing sets include 26 data (70 % of all data), 5 data (15 % of all data) and 5 data (15 % of all data), respectively. On the other hand, all existing data (36 data) were used for the MLR models.
Network architectures
To obtain the optimal network architectures, the networks were trained by making attempts to try different network parameters and configurations. The trained networks were then tested using the test data in order to ensure the desired generalization ability. As a consequence, the models that yield the closest outputs to the experimental results of MOR and MOE were selected to make predictions. Figure 2 depicts the architectures of the selected optimal ANNs.
The selected models include four neurons in the input layer and one neuron in the output layer for each of MOR and MOE. In the models, resin type, pressing temperature, pressing time and pressing pressure were the input parameters, whereas the MOR and MOE were output parameters.
One of the most crucial tasks in developing an ANN model is to detect the optimal network architecture concerning the number of hidden layer and hidden neurons [50] . As mentioned before, there is no rigid rule to decide the number of the hidden layers and their neurons. In the current study, the optimal network architectures were therefore decided by trying different number of them. Finally, the network architectures including six hidden neurons for the MOR and five hidden neurons for the MOE revealed the optimum performance of the models in terms of the performance indicators.
Performance evaluation
The predictive abilities of the models for the current study were evaluated by the indicators such as the mean absolute error (MAE), the mean absolute percentage error (MAPE), the root mean square error (RMSE) and determination coefficient (R 2 ). Especially, MAPE and R 2 are more important to evaluate the predictive capability of the established models. R 2 is a measure of the relationship or similarity between experimental and predicted values [51] . On the other hand, MAPE shows the average deviation from the targeted value as a percentage of the error [52] . Hence, it must be as small as possible [51] . The performance indicators were calculated using the following equations:
where t i is the experimental output, td i is the predicted output, N is the total number of samples, and t is the average of predicted outputs. Results and discussion
Effects of process variables on MOR and MOE of particleboard
The MOR and MOE values of particleboards were determined as a result of the carrying out experiments. Table 1 presents the MOR and MOE values of the experimental samples and the data sets used in the prediction models.
Moreover, the effects of pressing temperature, pressing time, pressing pressure and resin type on the MOR and MOE were evaluated by analysis of variance (ANOVA). The results of the ANOVA revealed that the effects of all variables on the MOR and MOE of particleboards were statistically significant. A comparison of the means values of the MOR and MOE was performed using the Duncan test. Thus, it was detected, which groups were significantly different from others. The results of Duncan's grouping are shown in Figure 3 by letters. Figure 3 ). The poor performance of UF resin may be because of hydrolysis that occurs during the hot pressing process [53, 54] . It was reported that UF includes the amino-methylene link, and it therefore is susceptible to hydrolysis at higher temperatures especially [55] . Pressing temperature and time significantly affect MOR and MOE of particleboard. It was reported that the pressing temperature and its duration are important factors for particleboard because they provide the heat and time required for the curing of the resin and create more cross-linking [56, 57] . In the present study, an increase in the pressing temperature generally exhibited a positive influence on MOR and MOE of particleboards. In other words, the MOR and MOE generally increased with the increase in the pressing temperature. The highest average values of the MOR and MOE were found as 13.41 and 1,505.95 N/mm 2 , respectively, in the samples pressed at 150°C. On the other hand, the lowest values were obtained in the samples pressed at 120°C. The findings of the current study on pressing temperature were similar to those reported by earlier researchers who investigated the mechanical properties of particleboard in different pressing temperature. Hashim et al. [10] observed an increase in the MOR values of particleboard with increasing pressing temperature. Similar results were also reported by several researchers [9, 58] . In addition to the pressing temperature, pressing time noticeably affected the MOR and MOE of particleboards. It was observed that the MOR and MOE increased from 5 min of pressing time to 6 min considerably and then decreased for 7 min of pressing time slightly. In other words, the highest values of MOR and MOE were obtained in the samples pressed for 6 min. Therefore, it can be said that 6 min of pressing time is sufficient to transfer heat to the core section of the mat for ensuring enough curing. Similar findings were also noted in the literature [2, 9] . Pressing pressure is another important parameter influencing the mechanical behavior of particleboard. In the present study, the particleboards pressed under higher pressure Figure 3 ), respectively. Rafighi and Tabarsa [11] reported similar results regarding the effect of pressing pressure on the MOR and MOE. The reason behind the enhanced strength of the samples at higher pressure is likely due to better contact between the fibers [10] . It is clear in Table 2 that the MOR and MOE prediction was achieved with low percentage errors by the ANN models. The maximum absolute percentage error did not exceed 4.81 % for MOR and 3.95 % for MOE. Because of high agreement between experimental and predicted values, it may be claimed that the proposed ANN models exhibited a good performance in predicting the MOR and MOE of particleboard samples.
Predictive ability of ANN and MLR models
In addition to the ANN models, the MLR models were developed to predict the MOR and MOE of particleboard. 
In eqs. (8) and (9), X i represents independent variables (respectively, resin type, pressing temperature, time and pressure). Evaluation results of the ANN and MLR models in terms of the performance indicators are presented in Table 3 .
As emphasized previously, the MAPE and R 2 are generally adopted as the main criteria in making a decision on the performance of a model [51] . Therefore, in the present study, the predictive capability of the models was principally evaluated in terms of these performance criteria. As seen in Table 3 , MAPE was determined as 0.438 %, 1.413 % and 2.937 % in the prediction of MOR, and 0.464 %, 1.554 % and 2.198 % in the prediction of MOE for training, validation and testing data sets, respectively. These low levels of the errors demonstrate that the ANN models effectively generate accurate results. In other words, these models provide an acceptable accuracy and reliability in predicting MOR and MOE of particleboard samples manufactured under given conditions. In addition, the MAPE values were found as 4.282 % and 3.373 % in predicting the MOR and MOE by MLR, respectively. As seen from the results, ANN models exhibited higher predictive capability than MLR models based on evaluation criteria. Several researchers reported that the prediction performance of a model is accepted as excellent when its MAPE is lower than 10 % [52, 59, 60] . Accordingly, the prediction ability of both techniques can be accepted as excellent since their MAPE values are lower from 10 %. Figure 4 shows the relationship between the experimental and ANN-predicted values for all data sets, respectively.
It can be seen from Figure 4 that the R 2 values were found as 99.8 %, 99.7 % and 95.5 %, in the prediction of MOR, and 99.1 %, 99.0 % and 92.9 % in the prediction of MOE for training, validation and testing data sets, respectively. These results mean that the models designed are capable of explaining at least 95.5 % of the experimental data of MOR and 92.9 % of the experimental data of MOE in the testing phase. Hence, it is possible to say that the proposed networks have a high generalization capability. Figure 5 shows the relationship between the experimental results and the predicted results by the regression models for all data of MOR and MOE.
The respectively. The results indicated that both modeling approach can be employed for accurate predictions because they have a high degree of explanatory. On the other hand, in a comparison between the results obtained by the MLR and ANN, the best fit was observed as the ANN method is employed. The results of higher R 2 when ANN is employed are consistent with the literature [13, 14, 61] . The limited information is available on predicting the MOR and MOE of particleboard. Fernandez et al. [13] predicted the MOR and MOE of particleboard by ANN and regression models. In another study, Eslah et al. [27] predicted the MOR and MOE of particleboard by regression models. On the other hand, some attempts have been made to model mechanical behaviors of wood and wood-based composites so far. Table 4 gives a summary of modeling results of some mechanical properties of wood and wood-based composite products by ANN and MLR techniques.
It is possible to see in Table 4 that the values of R 2 obtained from the present study are generally higher compared to the values obtained from previous modeling attempts for predicting the mechanical properties of wood and wood-based composites. In addition, Table 4 shows that the ANN approach yielded higher values of R 2 compared to the MLR approach, as obtained in the present study. In addition, Figure 7 shows the comparison of the experimental results, the ANN results and the MLR results. By analyzing the comparison plots presented in Figures 6 and 7 , it can be clearly seen that the ANN results are nearer to the experimental values compared to the MLR results in predicting MOR and MOE. The high degree of the similarity between the experimental and predicted outcomes increases the reliability of the proposed ANN models. Based on the results of the present study, it can be said that the models developed using ANN have been proved as a successful tool for predicting the MOR and MOE of particleboard manufactured in different pressing conditions without conducting the more experimental study requiring much time and high experimental costs.
Conclusion
In this paper, ANN modeling was successfully employed for predicting MOR and MOE of particleboard by considering the effects of pressing temperature, time, pressure and resin type in particleboard manufacturing process. In addition, the ANN results were compared with the results of MLR models. Accordingly, the following conclusions were drawn from this study:
i. The experimental results indicated that the MOR and MOE of particleboard generally increased with increasing pressing temperature, pressing time and pressing pressure in manufacturing process. It was also observed that the particleboards manufactured with MF had higher MOR and MOE values compared to those with UF. ii. ANN and MLR were efficient in predicting the MOR and MOE of particleboard under given conditions. A comparison between ANN and MLR in terms of MAPE and R 2 revealed that ANN approach was superior compared to the MLR in predicting MOR and MOE. The values of R 2 were determined as 0.955 and 0.929 for MOR and MOE, in the testing phase, respectively. Also, the MAPE values were 2.937 % for MOR and 2.198 % for MOE in the testing phase. Based on the results of the performance criteria, it can be said that the ANN yielded highly satisfactory results. iii. It may be concluded that the ANN is a successful tool in simulating the influences of the manufacturing conditions on MOR and MOE of particleboard when an adequate number of experimental data is available. iv. The results of this research also revealed that ANN can be effectively used to predict the MOR and MOE of particleboard manufactured under different pressing conditions. Thus, satisfactory results can be predicted rather than experimental measurements. In conclusion, the number of laboratory tests can be minimized.
